Trends in Drought over the Northeast United States by Krakauer, Nir Y. et al.
City University of New York (CUNY) 
CUNY Academic Works 
Publications and Research City College of New York 
2019 
Trends in Drought over the Northeast United States 
Nir Y. Krakauer 
CUNY City College 
Tarendra Lakhankar 
CUNY City College 
Damien Hudson 
CUNY City College 
How does access to this work benefit you? Let us know! 
More information about this work at: https://academicworks.cuny.edu/cc_pubs/778 
Discover additional works at: https://academicworks.cuny.edu 




Trends in Drought over the Northeast United States
Nir Y. Krakauer 1,* , Tarendra Lakhankar 1 and Damien Hudson 2
1 Department of Civil Engineering and NOAA-CREST, City College of New York, New York, NY 10031, USA
2 Department of Economics and NOAA-EPP Earth System Sciences and Remote Sensing Technologies Scholar,
City College of New York, New York, NY 10031, USA
* Correspondence: mail@nirkrakauer.net
Received: 25 July 2019; Accepted: 28 August 2019; Published: 4 September 2019


Abstract: The Northeast United States is a generally wet region that has had substantial increases in
mean precipitation over the past decades, but also experiences damaging droughts. We evaluated
drought frequency, intensity, and duration trends in the region over the period 1901–2015. We used a
dataset of Standardized Precipitation Evapotranspiration Index (SPEI), a measure of water balance
based on meteorology that is computed at multiple timescales. It was found that the frequency of
droughts decreased over this period, but their average intensity and duration did not show consistent
changes. There was an increase in mean SPEI, indicating mostly wetter conditions, but also in an
increase in SPEI variance, which kept the likelihood of extremely dry conditions from decreasing
as much as would be expected from the wetter mean state. The changes in the SPEI mean and
variance, as well as the decrease in drought frequency, were most pronounced for longer timescales.
These results are consistent with the paradigm of hydrologic intensification under global warming,
where both wet and dry extremes may increase in severity alongside changes in mean precipitation.
Keywords: water cycle; drought; Northeast United States; North America; climate change
1. Introduction
The Northeast (NE) United States (US) is the nation’s most densely populated and wealthiest
region. Extreme hydrologic conditions, including droughts as well as floods, can have major economic
impacts across sectors ranging from residential to commercial to agricultural. The most severe drought
recorded in the region occurred from 1962 to 1965 [1,2]. Such droughts are associated with specific
atmospheric circulation and sea surface temperature anomalies [3,4]. Precipitation has overall increased
substantially in the NE over the 20th Century, though with spatial variation [5]. The most recent
major droughts in the region occurred as part of a continental dry period from 1998 to 2004 [6,7].
Prolonged droughts and wet periods in previous centuries in the region have been reconstructed
from tree-ring records [8]. The region has warmed faster than the global average since 1900, resulting
in less precipitation falling as snow and earlier snowmelt than in the past [2,9,10]. Besides global
warming, regional climate forcings such as short-lived air pollutants [11] and local land use change,
including urbanization and suburbanization [12], may also drive hydrologic trends.
Regional trends in drought can be considered in the context of hydrologic impacts of global
warming and other climate changes. In general, global warming is projected to cause hydrologic
intensification, with both droughts and floods becoming more common and severe globally (though
with regional variability) [13,14]; this pattern is also found in some analyses of global observational
data from recent decades [15–17]. Both precipitation and evaporation are projected to increase,
and precipitation is projected to fall in heavier, more sporadic bursts that are punctuated by longer
and more severe dry spells, a pattern of hydrologic intensification that again is expected to prevail
with considerable regional variability [18–30]. Climate models simulate more frequent droughts in the
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NE under further global warming over the 21st Century due to greater evaporation and less consistent
precipitation [2].
For the United States as a whole, one study found no significant trend in droughts (defined as
anomalously low precipitation) from 1960 to 2010, but an increase in the frequency of droughts with
concurrent heatwaves (defined as anomalously high temperature) [31]. Drought in recent decades
has increased the vulnerability of forests particularly in the western United States to insects and
fire, affecting forest structure and diversity [32]. In an analysis of drought trends across the United
States from 1979 to 2013, both decreased precipitation and warmer temperature were identified
as contributing to increasing drought trends, while in different regions with decreasing drought
(including most of the NE), trends in average temperature, specific humidity and net radiation all
played roles [33].
Given these considerations, our main objective here is to better understand trends in drought
over the NE based on historic observations. We consider spatial patterns in drought trends as well as
different aspects of drought risk, including drought frequency, intensity, and duration. We also consider
how trends in drought relate to changes in the probability distribution of moisture status over the NE,
and to what extent these reflect hydrologic intensification.
2. Methods
2.1. Meteorological Data
The drought indicator considered here is the Standardized Precipitation Evapotranspiration
Index (SPEI), which is based on anomalies in monthly average precipitation (P) minus reference
evapotranspiration (ET0) [34–36]. ET0 can be estimated based on temperature and possibly also
windspeed, sunniness, and other climatic variables, using one of several available approaches.
SPEI can be computed at different timescales, making it possible to assess both long
and short term drought [37]. The aggregation of P minus ET0 for a set of n months,
followed by standardization to zero mean and unit standard deviation, yields SPEI for different
timescales [35]. For example, SPEI-1 indicates normalized P minus ET0 anomaly for the current month
(n = 1 month), while SPEI-12 is based on P minus ET0 summed over the past year (n = 12 months).
Positive SPEI values denote wetter than average conditions, while negative values denote drier than
average conditions. SPEI is an elaboration of the earlier Standardized Precipitation Index (SPI) [38],
which is similarly standardized and computable for different timescales. However, SPI is based only
on precipitation and does not explicitly account for temperature. SPEI is therefore well suited for
drought risk assessment and prediction [37,39–42].
Monthly SPEI data were acquired from the Global SPEI Database, SPEIbase (version 2.5.1),
for 1901–2015 and aggregation timescales of 1–48 months at the highest available spatial resolution of
0.5◦ [43]. The SPEI values are determined based on University of East Anglia Climate Research Unit
(CRU) gridded monthly precipitation and reference evapotranspiration (version TS 3.24.01) [44]. The P
minus ET0 values are transformed to standard normal distributions using the log-logistic distribution
fitted with the unbiased probability weighted moments method [36]. ET0 is calculated by CRU using
the Food and Agricultural Organization (FAO) Penman-Monteith method for evapotranspiration from
a notional well-watered grass surface [43].
2.2. Study Region
The NE is defined by the US Census Bureau as comprising New England (Connecticut, Maine,
Massachusetts, New Hampshire, Rhode Island, and Vermont states) and the Mid-Atlantic (New Jersey,
New York, and Pennsylvania states; Figure 1). The NE is also identified as a climate region by the US
National Centers for Environmental Information [45].
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Figure 1. Map of study region.
The NE is characterized by a humid temperate climate, with precipitation distributed throughout
the year. Based on the US Climate Divisional Database [46], the regional average temperature for
1901–2015 was 7.6 ◦C, ranging from −5.8 ◦C in January to 20.6 ◦C in July, and mean daily precipitation
ranged from 2.4 mm in February to 3.6 mm in June, summing to 1082 mm per year. Over that period,
we can estimate from linear regression that annual temperature warmed by 1.3 ◦C while annual
precipitation increased by 125 mm per year.
The NE US boundary was taken from the Census Bureau. SPEIbase grid cells whose centers were
within the region were included in the analysis.
2.3. Defining and Analyzing Drought Frequency, Intensity, and Duration
We followed the popular US Drought Monitor (a collaboration of the National Drought
Mitigation Center at the University of Nebraska-Lincoln, the United States Department of Agriculture,
and the National Oceanic and Atmospheric Administration) in defining drought as the driest 20% of
conditions in the historic record [47]. Given that SPEI values follow an approximately standard normal
distribution for each grid cell and calendar month, this yielded a threshold of −0.84 (the 20th percentile
of a standard normal distribution). For the SPEI time series at any given aggregation timescale and
location, we defined a drought as one or more consecutive months of below-threshold SPEI.
By analogy with established practice for analyzing heavy rainfall events [48–53], we consider
trends in drought frequency, intensity, and duration over the NE region. Analyses have been carried
out for these drought characteristics in different areas, such as Greece [54], the Contiguous US with
emphasis on North Dakota [55] and Iraq [42].
To estimate trends in drought frequency, we carried out linear regression of the time series formed
by assigning each non-drought month the value 0 and each month within a drought of length l the
value 1/l. The average value of this time series over a given period was the frequency of droughts over
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that period. To allow for autocorrelation in this time series when testing for significance, we included
the previous month’s value as well as time as predictors in the linear regression.
We define drought intensity as the average amount by which the SPEI is under the threshold
during each drought. Linear regression to assess trends was carried out for each grid cell and
aggregation timescale across droughts, with each drought’s midpoint time as the independent variable.
Linear regression to detect trends in drought duration was similarly carried out across droughts.
Trends in drought characteristics are shown across timescales, normalized to their average values in
each gridcell, and mapped for selected timescales including 1 month (the shortest aggregation period)
and 12 months (relevant to longer-term impacts on vegetation and water supplies) [41,56].
To better understand the trends seen in drought characteristics, we compared the actual trends to
those expected under an idealized statistical model of regional SPEI. In this model, the SPEI-1 time
series is a sequence of serially uncorrelated random variables that each follow a normal distribution
whose mean and variance are changing linearly in time, such that the overall average is 0 and the
overall sample variance is 1. Idealized SPEI-n series for larger n were obtained as moving averages of
the SPEI-1 values, scaled to unit sample variance. 100 synthetic realizations of SPEI were generated
under this idealized model, for which the only quantities derived from the actual SPEI data were the
positive linear trends in the SPEI-1 mean and variance (of 0.229 and 0.082 per century respectively).
When comparing drought statistics in this synthetic data set with those of actual SPEI, discrepancies
may be due, for example, to non-normality, spatial variability within the NE region, or nonlinear time
evolution of hydroclimate.
To relate changes in drought characteristics to the broader SPEI distribution, we also calculated
the regional SPEI mean and variance for the first and last 30 years of complete SPEI data, 1905–1934 and
1986–2015 respectively. We plotted the histograms of SPEI over each of these periods and compared
them with those expected under a normal distribution with the same mean and variance.
3. Results
Regional mean SPEI across aggregation timescales (Figure 2) showed the broad hydroclimate
trends discussed above, shifting to more positive values, indicating moister conditions,
from the 1970s onward. As expected from the way they are defined, the longer SPEI timescales, shown
towards the top of Figure 2, showed slower oscillations between wet and dry periods. The longer
SPEI timescales indicated most clearly major regional droughts, most notably in the 1960s but also,
for example, in the early 1930s and early 2000s. These periods also appeared as times when most
of the region experienced drought, as measured across a range of timescales (Figure 3). On average,
as expected based on the chosen threshold, an average of about 20% of the grid cells were in drought
at any one time based on any given aggregation timescale, though the mean area fraction in drought
decreased over time.
On average, as we go to progressively longer aggregation timescales, droughts become
less frequent (Figure 4a) and last longer (Figure 4b) though with lower mean intensity
(Figure 4c). These characteristics can be understood as consequences of the moving average
process involved in going to longer SPEI aggregation timescales, coupled with the very low
correlation of monthly hydroclimate anomalies between adjacent months in this region. Thus,
at the 1-month timescale, the mean drought duration is under 2 months (Figure 4b), meaning
that a below-threshold monthly SPEI-1 is usually followed by non-drought SPEI-1 the following
month. In fact, the general dependence of drought characteristics on aggregation timescale is
well captured by our idealized simulation of SPEI, in which spatial variability is ignored and
SPEI-1 has no temporal autocorrelation beyond a long-term linear trend (dashed blue curves in
Figure 4). However, the increase in drought duration as aggregation timescales get longer was more
than expected from the idealized simulation (Figure 4b), which could be due to autocorrelation of P
minus ET0 over timescales of a year or more, or else to non-normality in the P minus ET0 distribution
that results in the longer-timescale SPEI not being a linear combination of SPEI-1.

























































Figure 3. Fraction of NE US experiencing drought using definitions based on different SPEI aggregation
timescales, 1901–2015.
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Figure 4. Mean at different SPEI aggregation timescales over the NE US, 1901–2015: (a) Drought
frequency, (b) Drought duration, (c) Drought intensity. The dashed blue curve shows simulated values
under an idealized model of SPEI.
Drought frequency decreased substantially for the vast majority of gridcells in the NE over
1901–2015, and the relative decrease was greater for longer aggregation timescales, consistent with
expectations from our idealized model (Figure 5a). Drought duration tended to decrease over time
for most aggregation timescales, except for the longest ones of over 3 years (Figure 5b). Drought
intensity similarly showed a weak tendency to decrease for most of the aggregation timescales while
increasing for the longest ones (Figure 5c). The duration and intensity trends were not uniform across
gridcells, with the range of the 25th to 75th percentile of gridcells generally including zero, but for
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longer aggregation timescales tended to be more positive than expected from our idealized model
(Figure 5b,c).



















































































Figure 5. Median trend (and, in dotted lines, 25th and 75th percentiles) across gridcells at different
aggregation timescales over the NE US, 1901–2015: (a) Drought frequency, (b) Drought duration,
(c) Drought intensity. Each trend is given per century and normalized by dividing over the average
frequency, duration, or intensity for the same gridcell and aggregation timescale. The dashed blue
curve shows simulated values under an idealized model of SPEI where its mean and variance increase
linearly with time.
Mapping the mean drought characteristics shows that there was relatively little spatial variation
across the region, consistent with the normalized nature of SPEI and the broadly similar climate over
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the region. For SPEI-1, the northern part of the NE tended to have somewhat more frequent, shorter,




Figure 6. Mean drought characteristics over the NE US, 1901–2015, as defined using 1 month
aggregation-timescale SPEI: (a) Drought frequency (droughts per year), (b) Drought duration (months),
(c) Drought intensity (SPEI units).




Figure 7. Same as Figure 6, but for 12 month aggregation timescale SPEI.
Linear trends in drought characteristics are overwhelmingly negative for frequency, with many of
the gridcells having significant negative trends, particularly in the northeast half of the region and
over longer aggregation timescales (Figures 8a and 9a). For drought duration and intensity, trends are
less consistent, and only significantly different from zero at a few grid cells (Figures 8b,c and 9b,c).




Figure 8. Linear trends in drought characteristics over the NE US, 1901–2015, as defined using 1 month
aggregation timescale SPEI: (a) Drought frequency (droughts per year), (b) Drought duration (months),
(c) Drought intensity (SPEI units). The trends are per century, divided by the mean value. X marks
gridcells with trends that are significantly different from zero at the 95% confidence level.




Figure 9. Same as Figure 8, but for 12 month aggregation timescale SPEI.
Regional mean SPEI-1 increased 0.22 units between 1905–1934 and 1986–2015, from −0.09 to
+0.13, while its standard deviation increased 5%, from 0.95 to 0.99. At longer aggregation timescales
the increases in both the mean and the variance were greater, as expected from the moving-average
nature of SPEI. Thus, SPEI-12 increased 0.72 units, from −0.31 to +0.41, while its standard deviation
increased 14%, from 0.86 to 0.98. The empirical probability distributions tended to be thin-tailed
(platykurtic) compared to a normal distribution, with fewer extreme values (i.e., more than 2 to 2.5
standard deviations from the mean) than expected (Figure 10); this is consistent with average drought
intensities being lower than expected under a normal distribution of SPEI (Figure 4c). The frequency of
high SPEI values, indicating very wet conditions, greatly increased between 1905–1934 and 1986–2015,
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consistent with the increasing SPEI mean and variance. The frequency of very low SPEI values,
indicating drought conditions, generally decreased, but not by as much as the high SPEI extremes
became more frequent (Figure 10), as the increased SPEI variance partly offset the effect of higher
SPEI mean on the frequency of dry extremes. The probability of drought (SPEI < −0.84) decreased
from 24% (SPEI-1) or 29% (SPEI-12) for 1905–1934 to 19% (SPEI-1) or 12% (SPEI-12) for 1986–2015,
showing a much larger decrease in drought probability for the longer aggregation timescales.






















































Figure 10. Probability densities of SPEI in the NE over two 30-year periods. Dotted lines show the
densities for normal distributions with the same respective means and variances. (a) SPEI with 1 month
aggregation timescale, (b) 12 month aggregation timescale.
4. Discussion
Our results confirm that the NE has become much wetter since the beginning of the 20th Century.
As a result, the fraction of the area in drought and the frequency of droughts at most locations,
as defined using a constant threshold, has declined substantially. The frequency of longer-duration
droughts (as indicated by SPEI with long aggregation timescales) has declined the most, as the increase
Water 2019, 11, 1834 13 of 17
in mean precipitation was more likely to be evident over longer durations. This regional trend is
different from the global trend of increasing drought risk [15,57] and also from predictions of increasing
drought risk over the NE due to global warming [2].
Despite the NE having undergone a globally exceptional moistening and reduction in drought
risk, our findings show that it has not escaped the overall trend toward hydrologic intensification.
The variance of SPEI has increased over time, with the longest aggregation timescales seeing the
largest fractional increases in variance. This has meant that drought risk has not decreased under
the moister mean climate as much as would be expected with constant variance. Although drought
frequency has decreased, drought intensity and duration showed no significant change, contrary to the
declines expected from the moister mean climate. One somewhat analogous finding is from Finland,
where over 1962–2011 drought area, as assessed using SPEI-12, has increased despite an increasing
precipitation trend [58].
To better assess future drought risks, historic observations, such as those analyzed here, need to
be compared with climate model outputs. As an example, Ahmadalipour et al. [59] studied
drought spatial extent, intensity, and frequency by season over the contiguous US at the 3-month
timescale using observational data for 1950–2005 as well as statistically downscaled Coupled Model
Intercomparison Project Phase 5 climate model simulations for 1950–2099. They found that drought
area defined by SPEI-3 < −1 was projected to decrease over the Northeast during winter and
spring and increase in summer over the future period 2006–2099 compared to the historical period.
Ahmadalipour et al. [60] compared modeled changes between the 20th and 21st century in SPI, SPEI,
and a standardized streamflow index for a river basin in the northwest US. They found that while
SPI, reflecting only precipitation change, did not show an increase in drought intensity and duration,
the other indices, which account for the effects of warming on water balance, did.
Statistical time series models and methods, such as the idealized statistical model considered here,
can also help clarify the nature and evolution of drought risks. Thus, Apurv and Cai [61] evaluated
whether drought risk could be considered stationary over 1901–2017 using SPI-6 derived from gridded
precipitation over the contiguous US, finding that over the Northeast, drought severity has declined
significantly over this time period, and that this decline was correlated with global warming and the
Pacific Decadal Oscillation positive phase. By contrast, for parts of the central US, the stationarity
assumption appeared to be justified for drought risk over this time period. Patterns in the covariability
of precipitation and temperature anomalies have also been studied using model outputs and historic
analysis of observations [62]. Modeling such patterns across timescales can aid in seasonal drought
prediction [63,64].
Paleoclimate studies can provide further important information on drought risk. For example,
in the NE, tree ring evidence indicates that century-long dry periods have previously occurred, and that
these included droughts of similar intensity to the 1960s one but longer [65].
Strengths of the current study include considering drought trends over a long time period over a
well-observed region and analyzing the evolution of multiple aspects of drought (frequency, intensity,
and duration) over a broad range of timescales. The current work also has some limitations. One such
limitation is that of relying on SPEI to define drought. SPEI is based on P minus ET0 as an indicator
of water balance. While the gridded P field is based on measurements, ET0 is not measured directly,
but rather estimated from measurements of other meteorological fields using the Penman-Monteith
method. The method used to estimate ET0 can affect the regional drought trend estimated from
SPEI data sets [40]. Lu et al. [66] found that for a watershed in central Pennsylvania, actual ET
increased much faster over 1968–2012 than ET0 would indicate, due to a longer growing season greatly
enhancing transpiration, which helped explain a finding of more frequent low summer streamflow
that was unexpected given P and ET0 alone. On the other hand, another analysis showed increases
in annual minimum and median streamflow over the NE over 1941–1999 [67], which is consistent
with higher SPEI and lower inferred drought frequency. Trends in SPEI thus need be compared with
direct observations of, for example, streamflow, soil moisture, and groundwater table [68–71] to better
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understand commonalities and differences in the vulnerability to drought of different components of
the regional hydrologic system [72,73]. A World Meteorological Organization Workshop on Indices
and Early Warning Systems for Drought recommended using SPI, which is based on only precipitation,
as an indicator of meteorologic drought, and developing a composite index that would ideally also be
based on streamflow, reservoir levels, snowpack, and groundwater levels for hydrological drought
monitoring [74]. Whether drought is damaging depends on how water demand, as well as supply,
changes with time [75]. Additionally, the 0.5◦ resolution of the SPEI data is insufficient to fully resolve
hydroclimate gradients in parts of the NE, particularly mountain areas, and the extent to which
drought trends diverge within the region remains uncertain. Finally, continued monitoring of SPEI
and other climate indices in the region is necessary to better distinguish forced climate change from
unforced climate variability [4] and as part of monitoring the larger continental climate shifts projected
to ensue under continued global warming [76].
5. Conclusions
In summary, we studied trends in drought characteristics over the NE US over 1901–2015.
We found that a shift to wetter mean conditions has led to less frequent droughts, although variability
in water balance (as quantified by SPEI) has increased and the duration and intensity of droughts
that do occur has not changed consistently. These results can be placed within a global framework
of water cycle intensification and increased variability, together with large differences in hydrologic
trends between regions.
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